. These three parameters were either measured in the field, extracted from 2 topographical maps or estimated using geographic information systems (GIS). 3
The theoretical retention time was computed as volume (obtained similarly as others geographic 4 parameters) divided by discharge measured for a long-term period (>20 years). 5
The environmental variables, with the exception of temperature, were log e -transformed to achieve 6 normality, linearity and homogeneity of variance assumptions. 7
As the most important anthropogenic pressure in continental Europe is considered to be (http://www.eea.europa.eu/publications/COR0-landcover). The TP and AgriA were transformed using 14 logarithm and arcsine square-root transformation respectively. 15 16
Metric modelling 17
The metrics were evaluated through a selection procedure (Pont et al. 2006; Argillier et al. 2013) to 18 ensure that their environmental variability could be sufficiently controlled, that they responded to at least 19 one of the two pressure variables, and that the correlations between the final set of metrics were limited. 20
To predict the metric values in the absence of anthropogenic pressure, the data was first split into 21 training and validation subsets. A principal component analysis (PCA) based on a correlation matrix was 22 performed on environmental variables. Along the first PCA axis, one reservoir out of each three reservoirs 23 was assigned to the validation subset, so that training (two thirds of the data) and validation subsets 24 encompassed comparable environmental conditions. 25
The reservoirs in the training data set were used to calibrate the multiple linear regressions 1 relating observed metric values to environmental and pressure values (Argillier et al. 2013 ). The square of 2 the parameters of all environmental variables and pressures were also added in the model as the 3 relationship between metrics and environmental variables can be nonlinear. A stepwise procedure was 4 used to select the best set of explanatory variables to explain each metric, based on Akaike information 5 criterion (AIC). Only multiple linear regressions which respected the assumptions of error normality and 6 lack of high leverage effects were kept. Finally, metrics for which at least 30 % of their variance could be 7
explained by the global model and if 10 % of the metric variance could be explained by one single 8 pressure were retained (partition of variation based on R², Borcard et al. 1992) . 9
The models goodness-of-fit were assessed using the validation subset (one third of the data). If 10 the relationship between predicted and observed metric values is unbiased it should follow a linear 11 function: y = x. Therefore the intercept and the slope of the linear regression between observed and 12 predicted metric values equal to 0 and 1 respectively were tested. 13 14
Metric sensitivity to pressure 15
To assess the sensitivity of each metric to pressures it was necessary to control their variability due to 16 environmental conditions. This was performed for each metric using multiple linear regressions to predict 
23
Where the lower anchor was the minimum DEV observed among the whole data set, and upper anchor the 24 maximum DEV. EQRs vary between 0 reflecting a high level of impairment and 1 no degradation. 25
The metric sensitivity was assessed by measuring the correlation between metric EQRs and 1 pressure variables. A pressure index (PI) condensing the two pressures into one variable was also 2 computed by first scaling each pressure between 0 and 1 and then averaging these scaled pressures. A 3 metric was considered to be sensitive if the Spearman's rank correlation coefficient (ρ) between EQRs 4 and pressures (including PI) was greater than 0.4. 5 6
Metric redundancy 7
To limit the redundancy between metrics, only metrics with correlations between each other lower than 8 0.8 were selected. If two metrics were redundant, the metric with the highest ρ with PI was retained. 9 10
Metric final selection and index computation 11
To select the best set of metrics, all combinations of averaged metrics were tested and the combination 12 with the highest correlation with the PI was chosen as the aggregated fish index (FI). The difference between three classes of PI and five categories of ecological potential were evaluated by 22
Kruskal-Wallis one-way ANOVA followed by Tukey HSD post-hoc test. All statistical analyses were 23 performed using R statistical software (R version 3. (Table A2 in Supporting Information). The 11 relative biomass and abundance of species were closely related to their occurrence, with a clear 12 dominance of the five most common species (Table A2 in Supporting Information). The Shannon 13 diversity index was relatively low with differences for biomass and abundance (an average of 1.58 and 14 1.28, respectively). The average fish weight was 63.0 g. 15
The species recorded belonged to 11 taxonomic families. The family with the highest species 16 richness and distribution in all the reservoirs was Cyprinidae, which accounted for 60 % of species. 17
Although only three species belonged to the family Percidae, the family was nonetheless present in all the 18 reservoirs sampled. The third most common family was Esocidae, which was represented by pike. In 19 Europe, the family Salmonidae was represented in the dataset by six species, but they occurred in only 20
% of reservoirs. 21
Seven spawning guilds were identified (Table A2 in Supporting Information). The most common 22 guild was the phyto-lithophilic guild which represented 24 % of species and occurred in all the reservoirs. 23
Phytophilic was the second most common guild with 24 % of species and a 99 % occurrence, while 24 litophils comparised the third most frequently occurring reproduction guild with 42 % of species 25 occurring in 65 % of reservoirs. 26
Seven trophic guilds were also recorded (Table A2 in Supporting Information). The omnivore 1 trophic guild was present in all the reservoirs and the invertivore/piscivore guild was also very common 2 (98 % occurrence). The third and fourth most common guilds included piscivorous and planktivorous fish 3 with occurrences in 95 % and 86 % of reservoirs, respectively. Both types of feeding habitat were 4 similarly present in reservoirs, with the open water guild present in 100 % of reservoirs and the benthic 5 guild present in 99 % of reservoirs. 6
The final classification of species was based on tolerance to any stressors related to reservoirs 7 morphology, hydrology or water chemistry. The difference in proportion of tolerant and intolerant species 8 was low (36 % and 22 %). The tolerant species were present in 99 % of reservoirs, and intolerant fish in 9
%. 10
The total catch expressed by total BPUE and CPUE was highly variable. The total fish biomass in 11 BPUE was on average 67 423 g 1000 m -2 night -1 , with a range 7 989 -175 017 g 1000 m -2 night -1 . 12
Average abundance was 1 562 ind. 1000 m -2 , with a range 58 -5 688 ind. 1000 m -2 night -1 . 13 14
Metrics selection and development of the fish index 15
The modelling procedure excluded 72 % of the tested metrics (the first statistical procedure performed). 16
The validation subset and procedure identified seven metrics where the intercept and slope of the linear 17 regression between observed and predicted values did not differ significantly from 0 and 1. All 18 reproductive guilds, fish families, average weight and index of diversity failed to pass the selection 19 criteria. The percentage of planktivorous fish based on CPUE was the only proportion metric to be 20 retained. The other six metrics were based on direct BPUE (total, omnivorous and tolerant fish) and 21
CPUE (invertivores/piscivores, planktivores and feeding in open water fish). 22
The Spearman correlation coefficients between the seven candidate metrics that were transformed 23 into EQRs, both stressors, and the PI were always negative. In other words, EQR values decreased with 24
increasing pressure values as expected. Among the candidate metrics, BPUE of omnivorous fish was 25 eliminated due to low correlation to PI (|ρ|<0.40). At this step six metrics remained as candidate metrics 1 for the FI. 2
The total BPUE and BPUE of tolerant fish were both ρ = 0.89, and the CPUE of planktivorous 3 fish and the percentage abundance of planktivorous fish were also the same (ρ = 0.81). Due to metric 4 redundancies, total BPUE and CPUE of planktivorous fish were retained since they have higher absolute 5 correlation coefficients with PI, ρ = -0.59 and -0.50 respectively. The two remaining fish metrics, CPUE 6 of fish feeding in open water and CPUE of invertivorous/piscivorous fish, were ρ = -0.41 and -0.40 with 7 PI and ρ < 0.40 with other metrics. 8
The EQRs of the four selected metrics were combined and their scaled average was tested in 9 response to PI. The best correlation (ρ = -0.66) was obtained by averaging three of the four metrics: total 10 BPUE, CPUE of invertivorous/piscivorous fish and CPUE of planktivorous fish. Two of the three models 11 for selected metrics used both pressure variables, the number of environmental variables was one to three 12 and the amount of explained variability ranged between 63.3 and 35.6 % (Table 1) . When these three 13 metrics were used for FI, the plot of the relationship between FI and PI was well distributed without 14 evident outliers (Fig. 2) . 15
The FI clearly distinguished three classes of PI (Fig. 3 
Setting class boundaries 19
The classes of ecological potential were significantly different (Fig. 4 considered as tolerant species, confirmed by a high correlation between the total BPUE and BPUE of 17 tolerant fish. Indices based on relatively tolerant faunas very often lead to the selection of a few core 18 metrics. This is the case of Mediterranean areas that exhibit highly fluctuating environmental conditions 19 and thus harsh environments for all organisms. In these areas, fish are generally tolerant to cope with the 20 heterogeneity of the ecosystems. Such tolerance could limit both the amount of metrics available and their 21 responsiveness to pressures (Pont et al. 2007 ). Therefore it is not so surprising that the number of metrics 22 finally retained is low when dealing with relatively tolerant fish faunas (Magalhães et al. 2008) . 23
The increase of total fish abundance and biomass with productivity in water is a well-known 24 process. Biomass is the more direct parameter since it integrates productivity in the whole food-web. 25
Therefore, as in this study, the metric total BPUE has been used in several fish indices (Belpaire et al. After considering all aspects of the current dataset, the maximum ecological class was set to 21 reservoirs considered as being near their reference status. Not surprisingly, the maximum ecological 22 potential class was rarely observed. In Central and Western Europe human activity in recent centuries has 23 affected most areas. Only at nine locations did reservoirs recover to reach their maximum ecological 24 potential. The good ecological potential class was also not frequently observed. Most reservoirs had 25 moderate and poor ecological potential. The final class, bad ecological potential, was very rare as well. 26
This was in general agreement with our field experiences. In summary, artificial water bodies suffer from 1 eutrophication; however, in the majority of reservoirs the situation is not critical but they still deserve our 2
attention. 3
The comparison of index ranges between the French and Czech reservoirs shows that the 4 ecological quality of reservoirs is comparable in both countries. It seems that Czech reservoirs are in 5 slightly better condition (although no significant difference between countries was found). It could be 6 attributed to the geographical position of the Czech Republic in Central Europe and the location of its 7 reservoirs in the upper parts of rivers. The other reason could be the much smaller dataset from the Czech 8
Republic, and the associated probability that the most degraded reservoirs in the country are missing from 9 the dataset. 10
Unexplained variability in the selected models ranged from 37 to 63 %. It suggests that the 11 models could be improved by adding other variables not used in this study. First, the parameters 12 characterizing human activities in reservoirs should be collected. Until now, we have faced difficulties in 13 collecting this data from reservoir managers. 14 Although we are aware of limitations of the index developed, it is ecologically meaningful and 15 fulfils two criteria of WFD -abundance and composition. One metric to assess age structure was used in 16 the statistical process but was not identified as a significant parameter (average weight). The relationship 17 between size structure and productivity was found in small scale, e.g. northern German lakes (Emmrich et is dependent on temperature rather than productivity (Emmrich et al. 2014) . 21
After considering all the advantages and disadvantages of the fish index developed here, we 22 conclude that it is applicable to all European states, with similar environmental conditions as used in this 23 study that must meet the requirements stated by WFD with an interest in improving the ecological health 24 of their reservoirs. The reliability of the index was confirmed by all validation procedures. It is a practical 25 tool to be used in cases where datasets are limited and as the basis for further collaboration amongst 1
partners. 2 3
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